The Guangdong-Hong Kong-Macau Greater Bay Area (GBA) of China is one of the major bay areas in the world. However, the spatiotemporal characteristics and rationalities of urban expansions within this region over a relatively long period of time are not well-understood. This study explored the spatiotemporal evolution of 11 cities within the GBA in 1987-2017 by integrating remote sensing, landscape analysis, and geographic information system (GIS) techniques, and further evaluated the rationalities of their expansion using the urban area population elastic coefficient (UPEC) and the urban area gross domestic product (GDP) elastic coefficient (UGEC). The results showed the following: (1) Guangzhou, Shenzhen, Foshan, Dongguan, Zhongshan, and Zhuhai experienced unprecedented urbanization compared with the other cities, and from 1987 to 2017, their urban areas expanded by 10. 12, 11.48, 14.21, 24.90, 37.07, and 30.15 times, respectively; (2) several expansion patterns were observed in the 11 cities, including a mononuclear polygon radiation pattern (Guangzhou and Foshan), a double-nucleated polygon pattern (Macau and Zhongshan), and a multi-nuclear urbanization pattern (Shenzhen, Hong Kong, Dongguan, Jiangmen, Huizhou, Zhaoqing, and Zhuhai); (3) with regard to the proportion of area, the edge-expansion and outlying growth types were the predominant types for all 11 cities, and the infilling growth type was the one of the important types during 2007-2017 for Shenzhen, Hong Kong, Dongguan, Zhongshan, and Foshan; (4) the expansion of most cities took on an urban-to-rural landscape gradient, especially for Guangzhou, Shenzhen, Foshan, Zhongshan, Dongguan, and Zhuhai; and (5) the rationalities of expansion in several time periods were rational for Guangzhou the rationalities of expansion in the other cities and time periods were found to be irrational. These findings may help policy-and decision-makers to maintain the sustainable development of the Guangdong-Hong Kong-Macau Greater Bay Area.
Introduction
Urban growth has reached an unparalleled speed over the past few decades. The urban population increased to 54% of the world's population in 2014 from 30% in 1950 [1] , and it is projected to reach 66% of the world's population in 2050 [2] . Urban growth is faster in Africa and Asia compared with other regions in the world, and it is predicted that the urban population will increase to 56% and 64% by 2050, respectively, in these two regions [2] . Continuous urbanization will cause 2.5 billion people to be moved to urban regions by 2050, and nearly 90% of the increased urban population will be concentrated in Asia and Africa [3] . As a drastic change in land cover/use, urban expansion also affects ecosystems locally and globally [4] [5] [6] . Its quantitative characterization can be used in urban planning, urban management, and urban area prediction, and help us to understand and assess the ecologic influence of urban expansion and analyze the driving forces [7] [8] [9] .
Urbanization improves the residents' living standards because urban development can improve living conditions and provide more public services, such as transportation, parks, and shopping plazas [10] . However, urbanization also causes many environment problems, such as global warming, water pollution, air pollution, greenhouse gas emissions, enhanced urban heat island effects, and industrial wastes [2, [11] [12] [13] . In addition, ecological degradations resulting from urban expansion, such as the loss of biodiversity and climate changes, can also exert an influence on local and global ecosystem services, which will eventually affect the ability to sustain urban development [5, 6] . It is worth noting that human activities have greatly promoted the fragmentation of urban landscapes [14] . Therefore, in order to promote sustainable regional development, there is an urgent need to understand the spatio-temporal characteristics of urban expansion.
China has undergone a rapid urban expansion since the reform and opening up policy was introduced in 1978. The urban area in China has expanded six times and the number of cities increased to 657 in 2011 from 193 in 1978 [15, 16] . Meanwhile, socioeconomic development and urban expansion have resulted in significant landscape changes [17] . For examples, urban expansion patterns in some cities have shifted from outlying expansion to edge-expansion and infilling growth [18, 19] ; meanwhile, edge-expansion growth and extensive outlying expansion indicate that the suburbanizing process is underway. Along with the dramatic growth in the population and economy [20] , environmental problems caused by the urban sprawl have occurred in many Chinese cities [21] [22] [23] . Thus, accurately evaluating the rationality of urban expansion is paramount importance to our understanding of the urbanization process and its ecological effects [24] .
To obtain information on urban expansion, two kinds of data are frequently applied: socioeconomic statistical data from public institutions [20] and optical remote sensing images. The socioeconomic statistical data are insufficient to reveal the spatial features of urban expansion, owing to lacking spatial scalability and extensibility. By contrast, remote sensing images can be applied to reveal urban expansion owing to their ability to effectively describe spatiotemporal patterns [25] [26] [27] [28] [29] . Among the various sources of remotely sensed data, geographic coverage and temporal resolution are limited in high-resolution remote sensing images, and traditional low-resolution remote sensing images cannot comprehensively reflect the details of changes that have happened to urban expansion as they are limited by their spatial resolutions [30] . The Landsat multispectral scanner (MSS), thematic mapper (TM), enhanced thematic mapper plus (ETM+), and operational land imager (OLI) provide images over a four-decade time period with relatively wide geographic coverage [31] [32] [33] , and they hold the potential to map urban areas at a moderate scale [34, 35] . Moreover, few studies have combined socioeconomic data with time-series Landsat images to understand the process of urban expansion in the long term [36, 37] .
Remote sensing (RS), coupled with a geographic information system (GIS), has been successfully applied in urban expansion studies [38] [39] [40] . Moreover, landscape ecology approaches, such as landscape metrics [41, 42] , patch dynamics [43] , and gradient analyses [44, 45] , may be conducive to characterizing the dynamics of urban expansion and describing the details and structures of spatiotemporal patterns at multiple scales [46] [47] [48] [49] . Recently, analyses of temporal variation and the scale effect were carried out Remote Sens. 2019, 11, 2215 3 of 26 by applying landscape indices to multi-scale or multi-temporal datasets [50] [51] [52] [53] . By combining remote sensing images and GIS techniques with landscape ecology approaches, studies have quantified the urban expansion in different cities and urban agglomerations all over the globe [54] [55] [56] . As a "proxy", the urban area population elastic coefficient (UPEC) and the urban area gross domestic product (GDP) elastic coefficient (UGEC) are two effective indices to assess the rationality of urban expansion [57] . The UPEC and UGEC are defined as the ratio of urban area growth rate to population growth rate and urban area growth rate to gross domestic product (GDP) growth rate, respectively. They can be applied to measure how urban population growth rate and urban expansion correlate with each other, as well as to study the relationship between GDP growth rate and urban expansion (i.e., the efficiency of urban land use) [57, 58] , and they have also been successfully used to evaluate the rationality of urban expansion in China [57, 59, 60] .
The Guangdong-Hong Kong-Macau Greater Bay Area (GBA) of China is the largest morphologically contiguous urban agglomeration in the world [61] . The GBA has been undergoing a remarkable urban expansion over the past several decades [56] . The population of the GBA accounts for only 5% of China's total population; however, in 2017, it created approximately 11% of China's total GDP. To promote sustainable regional development, the Chinese government published the "Development Plan for the Guangdong-Hong Kong-Macao Greater Bay Area" in 2019. According to this plan, the GBA should not only become a world-class urban agglomeration, and an area for the demonstration of deep cooperation between the mainland and Hong Kong and Macao, but also create a good-quality life circle that is livable, occupational, and promotes tourism. Some studies have analyzed the spatiotemporal patterns of urban expansion in an individual city or urban agglomeration [26, 38, [62] [63] [64] [65] ; however, few studies have focused on systematic cross-city comparisons within an urban agglomeration over the past four decades [39, 66, 67] , particularly in the GBA. Moreover, the details of the spatiotemporal characteristics of urban expansions within the GBA are quite important to the local government's urban planning, and the rationality of urban expansion within this region remains underexplored.
Therefore, there is an urgent need to investigate and compare the urban expansion characteristics and their rationalities in the cities within the GBA in different political systems and at different development stages. The present study aimed to reveal the spatiotemporal evolution of the urban expansion of 11 cities within the GBA, and further evaluated the rationalities of their expansion using time-series Landsat images and socioeconomic data from 1987 to 2017 for the following purposes: (1) to effectively map the spatiotemporal distribution of urban areas; (2) to quantify urban expansions; (3) to compare the temporal changes in landscape metrics and spatially explicit urban growth patterns; and (4) to assess the rationality between urban expansion and population and GDP growth. The conclusions that are drawn in this study may help us to sustainably develop this bay area, and our results may be helpful to urban planning.
Data and Methods

Study Area
The GBA (21 • 32 -24 • 26 N, 111 • 20 -115 • 24 E) is located in the south of China, and it contains 11 cities (i.e., Guangzhou, Shenzhen, Hong Kong, Macau, Foshan, Jiangmen, Zhongshan, Huizhou, Dongguan, Zhaoqing, and Zhuhai). Among these cities, the terrains of Zhaoqing, Huizhou, and Hong Kong, southeast of Shenzhen and northeast of Guangzhou, are obviously undulating and mountainous ( Figure 1 ). The highest and lowest elevations of the GBA are −138 and 1589 m, respectively. The GBA has a population of more than 66 million and a total area of approximately 56,000 square kilometers. This bay area has a large number of financial services, educational resources, manufacturing industries, high-tech industries, tourism industries, and cultural industries. Among the numerous industrial structures, Hong Kong's economic growth is dominated by financial services; Dongguan, Zhongshan, Zhuhai, Jiangmen Huizhou, and Zhaoqing mainly depend on manufacturing industries; Shenzhen relies on high-tech industries; Macau focuses on tourism and service industries; and Guangzhou's focuses on tourism and service industries; and Guangzhou's industrial structure is more balanced compared with other cities. The GBA is also the starting point of the Maritime Silk Road and China's gateway to the world. 
Data Sources and Data Processing
Thirty-two Landsat TM and OLI images (Table 1) , captured during 1987, 1997, 2007, and 2017, were downloaded from the United States Geological Survey (USGS)'s Global Visualization Viewer (GloVis, https://glovis.usgs.gov/). These images have six (for TM) or eight (for OLI) spectral bands at visible and shortwave wavelengths with a 30 × 30 m spatial resolution. The ENVI 5.2 software (https://www.harrisgeospatial.com) was applied to process the downloaded Landsat TM/OLI images in advance, including subset and FLAASH atmospheric correction and a combination of band, image mosaic, and clipping. The urban areas of the 11 cities were obtained through a land cover classification strategy with the object-oriented support vector machine (O-SVM) classifier that was employed by Yang et al. [56] (Figure 2 ). The land cover types included urban land, croplands/grasslands, forestland, water, and cultivated/exposed land. The O-SVM method integrates a novel bi-level scale-sets model (BSM) [68] and a support vector machine (SVM) [69, 70] , and it is capable of combining the BSM's highly efficient processing of large-scale images [68] with SVM's highly accurate application of small training sets [71] . The O-SVM method is able to effectively classify land cover types, particularly in large-or moderate-scale urban area extraction [56] . The O-SVM method that was used in this study was applied by combining the Scale-Sets-Image-Analysis-Toolkit (https://github.com/zwhoo/ Scale-Sets-Image-Analysis-Toolkit) and SVM methods. The parameters of the O-SVM were obtained through careful tests, and the object segmentation scales were set to 30 (TM images) and 45 (OLI images), respectively. Four kinds of characteristics (i.e., texture, spectral, spatial, and indices) for each object were applied in the classification [56] . The SVM classifier was constructed using a radial basis function (RBF). The Gamma coefficient of the SVM classifier was set to 1/n (where n refers to the number of bands of the Landsat TM/OLI images; n equals 6 for TM and 8 for OLI), and the penalty cost took a value of 100, 
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Urban Expansion Pattern
Quantification of Urban Expansion
To quantify an urban expansion's magnitude, three commonly used indexes were adopted in this study: annual growth rate (AGR, %) annual increase (AI, km 2 /year,) and expansion rate (ER, %) [56, 78, 79] (Equations (1)-(3)). ER and AI were used to compare the urban expansion over a period of years for a single city through the direct measurement of the annual increase in the extent of the urban area and the rate of urban area expansion, respectively, while AGR was used to compare the various cities' urban expansions in a certain year by means of eliminating the impact of a city's size.
where n denotes the number of years and U start and U end refer to the extent of the urban area at end and start dates, respectively.
Classification of Urban Expansion Type
Three spatial types of urban growth-infilling, outlying, and edge expansion [80, 81] -were applied in this study to describe urban expansion, and they were defined using the landscape expansion index (LEI) [82] (Equation (4)). The LEI is defined using a buffer analysis. The buffer is the zone with specified distances around a target geographical feature. The analysis can be applied to determine which patches occur either within or outside the defined buffer zone. A set of rules proposed by Liu et al. [82] was applied to describe the three urban growth types: (a) infilling growth type refers to newly grown urban patches where the buffer zones indicate that the direct surroundings are mostly already occupied by the old urban patches (Figure 2a ); (b) edge-expansion growth type means the buffer zone is occupied by the old urban patches and non-urban patches, and the region occupied by non-urban areas is more than 50% ( Figure 2b) ; and (c) outlying growth type refers to the case in which buffer zones are completely occupied by non-urban areas ( Figure 2c ).
where S o is the intersection between the buffer zone and occupied category of the newly grown patch, S v refers to the vacant category's intersection with the buffer zone, and the LEI takes a value between 0 and 100. The urban expansion type was assumed to be infilling if the LEI was over 50, the urban expansion type was assumed to be outlying if the LEI was between 0 and 50, and the urban expansion type was assumed to be edge-expansion if the LEI was equal to 0. A smaller value of buffer distance denotes an LEI value that is much more stable, and, in the present study, we set the buffer distance to 1 m [82, 83] . 
Urban Landscape Pattern Analysis
To characterize the landscape changes and spatial patterns, six class-level landscape metrics were applied: percentage of landscape (PLAND), number of patches (NP), landscape shape index (LSI), largest patch index (LPI), patch density (PD), and fragmentation index (FI) ( Table 4 ) [84, 85] . The PLAND is a measure to assess landscape composition and is used to depict the growth of urban area [86, 87] . NP and PD belong to density metrics that focus on the subdivision aspect of urban aggregation, and they are expected to increase during periods of rapid urban nuclei development, but may decrease if urban areas expand and merge into a continuous urban fabric [48, 56] . LSI is a shape metric to measure the regularity of urban growth, and a large LSI indicates an irregular the urban shape [87] . LPI is a measure to evaluate if the largest patch is dominating the landscape or if the distribution of large patches is more even, and it was used as one indicator to define the dominance of the urban core [79, 87, 88] . FI represents the degree of fragmentation of urban landscape, which reflects the complexity of urban spatial structure [56] . With the help of eight neighborhood rules, the abovementioned metrics were calculated using the FRAGSTATS 4.2 software (https://www.umass.edu/landeco/research/fragstats/fragstats.html) [86] . Additionally, to investigate the composition of the patches, the percentages of each patch's area and frequency distribution in accordance with eight patch size classes (i.e., 0-0.5, 0.5-1, 1-5, 5-10, 10-50, 50-100, 100-500, and >500 km 2 ) were generated. Table 4 . The landscape metrics that were applied in the present study. 
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Landscape metric title Units Equations Description
The proportion of the total landscape consisting of the corresponding class
The percentage of area that is occupied by the largest patch of one patch type 
The degree of fragmentation of the corresponding class Note: A, total area of the landscape; a ij , the area of patch i j; N i , the number of patches for class i; A i , the total area of class i; E, the total length of the patch boundary.
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Rationality of Urban Expansion
The urban area population elastic coefficient (UPEC) and the urban area GDP elastic coefficient (UGEC) [57, 58] were used to evaluate the rationality of urban expansion (Equations (5) and (6), respectively):
where A(i) refers to the urban area's average growth rate in period i, and Pop(i) and G(i) denote the growth rate of the population on average and the GDP in period i, respectively. Urban population is one of the forces that drive urban land expansion, and a highly linear relationship between population growth and built-up area expansion was observed in China [57] . In theory, the urban area growth rate should be synchronized with the population growth rate (UPEC = 1); however, China's urban population density is large and infrastructure is in short supply. In order to meet infrastructure construction needs, the growth rate of the urban area should be slightly higher than the population growth rate (UPEC > 1) [89] . Therefore, when the value of UPEC is closer to 1, the rationality of urban expansion is reasonable. The value of 1.12 is considered to be more reasonable for China's cities (when the urban population increases by 1%, the urban area should increase by 1.12% [89] ; when UPEC < 1.12, urban land will be in short supply; and when UPEC > 1.12, the efficiency of urban land use is low) [58, 59, 90] . The value of UGEC is not unified, but the trend of urban expansion and economic change can be quantified through a comparison of multi-period data [58] .
Results
Urban Expansion Pattern
Urban Expansion Quantification
The 11 cities in the GBA experienced rapid urbanization in 1987-2017 ( Figure 3 ), particularly Guangzhou, Shenzhen, Foshan, Zhongshan, Dongguan, and Zhuhai. Guangzhou and Foshan expanded from their original urban cores (Figure 3a,e ). Except for the expansions from the original urban cores in Macau and Zhongshan, a secondary nuclear rudiment was initially engendered in the south coast for Macau and the north for Zhongshan in 1997, and the expansion of the secondary urban core areas exceeded that of the original urban cores in 2007 (Figure 3d ,h). The urban areas of Shenzhen, Hong Kong, Huizhou, Jiangmen, Dongguan, Zhaoqing, and Zhuhai were distributed across the whole of the city, with many growth points and polygons around the urban cores (Figure 3b ,c,f,g,i-k).
Tables 5 and 6 demonstrate the evolution and expansion velocity of the urban area in each of the 11 cities, respectively. From 1987 to 2017, the urban area increased by 10 Table 5 ). The size of the urban area in Guangzhou, Foshan, and Dongguan exceeded 1000 km 2 ; the size of the urban area in Shenzhen, Huizhou, Jiangmen, and Zhongshan increased by more than 500 km 2 ; and the other cities expanded by less than 400 km 2 in 2017 ( Table 5 ). The magnitude of the urban expansion was determined using the ER, AI, and AGR in all 11 cities for three neighboring periods from 1987 to 2017 (Table 6) . A comparison of these 11 cities shows that the average EI of Guangzhou, Shenzhen, Foshan, Zhongshan, Dongguan, and Zhuhai exceeded 18% in 2017, particularly Dongguan, Zhongshan, and Shenzhen (greater than 39%). Moreover, Guangzhou, Shenzhen, Foshan, and Dongguan, with a relatively large average AI, exceeded 25 km 2 , and the other cities exceeded less than 11 km 2 . Regarding the AGR, Foshan, Dongguan, Jiangmen, Zhaoqing, and Zhuhai exceeded the average value of the other cities, and it is worth noting that Hong Kong had the smallest average AGR (2.71%) ( Table 6 ). other cities exceeded less than 11 km 2 . Regarding the AGR, Foshan, Dongguan, Jiangmen, Zhaoqing, and Zhuhai exceeded the average value of the other cities, and it is worth noting that Hong Kong had the smallest average AGR (2.71%) ( Table 6 ). 
Urban Expansion Type
Three urban expansion types (i.e., edge-expansion, outlying, and infilling) were used to reflect the spatial patterns of urban expansion in the 11 cities ( Figure 5 ). Regarding Guangzhou and Foshan, outlying growth patches were distributed around their existing urban areas in 1987-1997, which were transferred to the south direction for Guangzhou and the north direction for Foshan in 1997-2007; since 2007, outlying growth patches have been distributed in all directions for Guangzhou and in the north and southwest directions for Foshan. Edge-expansion growth occurred in places that were on the peripheries of already-existing urban areas, and the gaps between these areas were filled by infilling growth over time, corroborating a mononuclear polygon radiation urbanization pattern in 2017 (Figure 5a,e ). For Shenzhen, Hong Kong, Huizhou, Jiangmen, Dongguan, Zhaoqing, and Zhuhai, outlying growth patches were distributed sparsely at the outskirts, edge-expansion growth occurred in places that were close to already-existing urban areas, the inside and the edges of the existing urban areas were filled by infilling growth patches, and the three types of urban expansion expanded outwards in 1987-2017, corroborating a multinuclear urbanization structure (Figure 5b ,c,f,g,i,j,k). It is worth noting that few outlying growth patches occurred in Shenzhen, Hong Kong, and Dongguan in 2007-2017 (Figure 5b ,c,i). Regarding Macau and Zhongshan, outlying growth was mainly distributed in the northwest for Zhongshan in 1987-1997, and no outlying growth occurred for Macau in this period. After 1997, the outlying growth was distributed at the outskirts and the number of patches decreased. Edge-expansion patches occurred around the initial urban cores and an increasing to decreasing trend appeared in 1987-2017. Little infilling growth occurred in Macau and Zhongshan in 1987-1997, the inside and edges of the existing urban land areas were filled by infilling growth in 1997-2017, and infilling growth patches played an important role in linking the original urban cores and the edge-expansion growth in 2007-2017 (Figure 5d,h) . Figure 6 illustrates the percentage of the composition of the three urban expansion types between two neighboring periods in 1987-2017. In general, there are some similarities between the 
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Remote Sens. 2019, 9, change in the number of patches and the proportion of area (Figure 6a,b) for all cities. The proportion of area of the infilling growth type increased in all cities, except for Zhuhai and Macau (Figure 6b ), and the number of patches fluctuated (Figure 6a ). Both the proportion of area and the number of patches of the outlying growth type decreased and the number of patches of the edge-expansion growth type increased in all cities, except for Macau, and the proportion of area of the edge-expansion growth type fluctuated. The 11 cities also showed differences in urban expansion type. With respect to the number of patches, the infilling growth type contributed the most to all 11 cities in the three periods, and the edge-expansion growth type followed closely. The number of patches of the outlying growth type accounted for the smallest proportion (less than 45%), except for Huizhou (more than 50% in 1987-1997) (Figure 6 a) . With regard to the proportion of area, compared with other cities, the infilling growth type was the one of the important types during 2007-2017 for Shenzhen, Hong Kong, Dongguan, Zhongshan, and Foshan. The edge-expansion and outlying growth types were the predominant types for all 11 cities, and the proportion of area of the outlying growth type in Huizhou, Jiangmen, Zhaoqing, and Zhuhai was much higher than that in other cities (Figure 6b ). Figure 7 illustrates the trends and features of the landscape metrics for all cities under the impact of urbanization in 1987-2017. Generally, along with the promotion of urbanization, there was a monotonically increasing trend in PLAND and LPI for the 11 cities, with Macau, Shenzhen, and Dongguan having a much sharper trend compared with other cities (Figure 7a,d) . The PLAND and LPI of Macau both exceeded the average of those of other cities, in addition to being overtaken by Dongguan in 2017, and Zhaoqing had the smallest value (Figure 7a,d) . Regarding NP and FI, all cities presented a trend of a rapid increase and a rapid decline, respectively (Figure 7b,f) ; however, the NP and FI fluctuated in different periods, with Guangzhou having the largest NP (Figure 7b ). FI showed a downward trend in 1987-2017 for all cities (Figure 7f ), which confirmed that the fragmentation and the complexity of the urban landscape were decreasing. Overall, the PD and LSI for all 11 cities showed an increasing trend from 1987 to 2017, except for Dongguan (where the PD and LSI declined after 1997), Zhongshan (where the PD and LSI declined after 2007), and Shenzhen (where PD and LSI had a declining trend after 1997 and 2007, respectively) (Figure 7c,e ). Macau had a larger PD and a smaller LSI value, which confirmed its small urban area and high building density. Figure 8 shows an analysis of patch composition at the microscopic scale, which provides the frequency distribution of the total area of urban land and the number of patches in accordance with Figure 7 illustrates the trends and features of the landscape metrics for all cities under the impact of urbanization in 1987-2017. Generally, along with the promotion of urbanization, there was a monotonically increasing trend in PLAND and LPI for the 11 cities, with Macau, Shenzhen, and Dongguan having a much sharper trend compared with other cities (Figure 7a,d) . The PLAND and LPI of Macau both exceeded the average of those of other cities, in addition to being overtaken by Dongguan in 2017, and Zhaoqing had the smallest value (Figure 7a,d) . Regarding NP and FI, all cities presented a trend of a rapid increase and a rapid decline, respectively (Figure 7b,f) ; however, the NP and FI fluctuated in different periods, with Guangzhou having the largest NP (Figure 7b ). FI showed a downward trend in 1987-2017 for all cities (Figure 7f ), which confirmed that the fragmentation and the complexity of the urban landscape were decreasing. Overall, the PD and LSI for all 11 cities showed an increasing trend from 1987 to 2017, except for Dongguan (where the PD and LSI declined after 1997), Zhongshan (where the PD and LSI declined after 2007), and Shenzhen (where PD and LSI had a declining trend after 1997 and 2007, respectively) (Figure 7c,e ). Macau had a larger PD and a smaller LSI value, which confirmed its small urban area and high building density. percentage of the second and third smallest patch size classes, with a size of 0.5-1 km 2 and 1-5 km 2 , respectively, occupied a relatively large proportion for all cities over time (Figure 8a,b) . The largest patch of urban land reflects the dynamics of the urban core to some extent. For the different cities, only Guangzhou, Shenzhen, Foshan, Dongguan, Jiangmen, and Zhongshan had patches with an area of over 200 km 2 , which appeared after 2007 for Guangzhou and Dongguan and appeared in 2017 for the other cities (Figure 8b ). Figure 8 shows an analysis of patch composition at the microscopic scale, which provides the frequency distribution of the total area of urban land and the number of patches in accordance with the eight patch size classes in 1987-2017. Generally, along with an increase in the patch size classes for all cities over the entire period, there was a decrease in the increase in the number of patches (Figure 8a) , and the total area of the patches maintained a positive correlation with the increase in patch size classes (Figure 8b ). Differences were observed in the evolution of the number of patches and the total area for a fixed patch size class among all 11 cities. Small patches can be used to identify patterns of newly grown urban points; however, the contribution that small patches made to the total area was small. For example, the average ratio of small patches ranged from 0 to 0.5 km 2 for all cities in 1987-2017, taking up more than 60% of the total number of patches ( Figure 8a) ; however, the area ratio was less than 20% for all cities except Huizhou and Zhaoqing, and less than 10% for Hong Kong, Macau, Guangzhou, and Shenzhen (Figure 8b ). Both the number and area percentage of the second and third smallest patch size classes, with a size of 0.5-1 km 2 and 1-5 km 2 , respectively, occupied a relatively large proportion for all cities over time (Figure 8a,b) . The largest patch of urban land reflects the dynamics of the urban core to some extent. For the different cities, only Guangzhou, Shenzhen, Foshan, Dongguan, Jiangmen, and Zhongshan had patches with an area of over 200 km 2 , which appeared after 2007 for Guangzhou and Dongguan and appeared in 2017 for the other cities (Figure 8b) . 
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Rationality of Urban Expansion
The rationality of urban expansion in all 11 cities was derived using Equations 6 and 7. The results are shown in Table 7 . The UPEC values varied across cities and time periods. The UPEC values of all cities were greater than 1.12, except for Shenzhen and Macau (1987-1997 and 2007- 
The rationality of urban expansion in all 11 cities was derived using Equations (6) and (7) . The results are shown in Table 7 . The UPEC values varied across cities and time periods. The UPEC values of all cities were greater than 1.12, except for Shenzhen and Macau (1987-1997 and 2007-2017, respectively) (Table 7 and Figure 9a ). The UPEC value for Guangzhou (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) , Huizhou (1997 Huizhou ( -2007 , Jiangmen , Zhongshan (1987 Zhongshan ( -1997 , and Zhaoqing (1987-2017) was greater than 10, which indicates that the efficiency of urban land use was extremely low in these periods (Figure 9a ). In addition, the UGEC values also exhibited differences in all cities in 1987-2017. The UGEC values of all cities were less than 1, except for Huizhou (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) , Jiangmen (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) , and Zhaoqin (1997 Zhaoqin ( -2007 , and values greater than 0.5 were obtained only for Guangzhou (Figure 9b ). Generally, the UGEC showed that the average annual rate of economic development exceeded the average annual rate of urban area expansion in all cities. Table 7 . The rationality of urban expansion in 11 cities in the GBA between 1987 and 2017. UPEC, urban area population elastic coefficient; UGEC, urban area gross domestic product (GDP) elastic coefficient. 2017, respectively) ( Table 7 and Figure 9a ). The UPEC value for Guangzhou (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) , Huizhou (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) , Jiangmen , Zhongshan (1987 Zhongshan ( -1997 , and Zhaoqing (1987-2017) was greater than 10, which indicates that the efficiency of urban land use was extremely low in these periods (Figure 9a ). In addition, the UGEC values also exhibited differences in all cities in 1987-2017. The UGEC values of all cities were less than 1, except for Huizhou (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) , Jiangmen (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) , and Zhaoqin (1997 Zhaoqin ( -2007 , and values greater than 0.5 were obtained only for Guangzhou (Figure 9b ). Generally, the UGEC showed that the average annual rate of economic development exceeded the average annual rate of urban area expansion in all cities. 
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Magnitude and Spatial Comparison of Urban Expansion
The urban areas of the 11 cities in the GBA, particularly Guangzhou, Shenzhen, Foshan, Dongguan, and Zhuhai, expanded very quickly in 1987-2017 (Section 3.1). With respect to the change in urban area, Guangzhou, Shenzhen, Foshan, and Dongguan had the greatest magnitude of change in 1987-2017; the average magnitude exceeded 230 km 2 as compared with other cities, and Hong Kong and Macau had the lowest magnitude of change (less than 40 km 2 ). The differences in their history might be the reason for these results, in addition to natural controlling factors (i.e., special orographic), policy, population, and the GDP scale [88] . Historically speaking, Hong Kong and Macao were occupied by Britain and Portugal, respectively, after 1840; thus, they were developed earlier, and their urbanization rates slowed down after 1990. With regard to natural controlling factors, Macao is surrounded by the ocean and its total land area is less than 40 km 2 , which might impose a limit upon the expansion of its urban area. Hong Kong is mountainous; its flat terrain only accounts for 16% of the total area, and the other 84% of the area is not suitable for urban construction and agricultural development [91] ; moreover, urban growth of Hong Kong is especially in the third dimension, thus, urban expansion in Hong Kong is limited, corresponding to the smallest average growth rates. With regard to policy, onerous land laws have restricted the urban expansion of Hong Kong to a large extent, and about 75% of the total land remains undeveloped [92] . Moreover, Macau and Hong Kong advocate for a free-trade economic system and attract a large amount of capital for the construction of infrastructure, which can significantly facilitate the development of urban areas in their early stages. Nevertheless, the policies of reform and opening-up greatly promoted the development of coastal cities on the mainland after 1978 [93, 94] , particularly during 1987-1997. The population and GDP of Guangzhou and Shenzhen have increased exponentially, with a population of greater than 10 million and a GDP of 300 billion U.S. Dollars in 2017, respectively. These two cities occupy almost one-third of the GBA. As has been demonstrated in many studies, population and GDP are the major forces that drive urban expansion [95] [96] [97] ; therefore, the large population and GDP of Guangzhou, Shenzhen, Foshan, and Dongguan may have produced the large magnitude of the change in urban area. It is worth noting that Guangzhou, Shenzhen, Foshan, and Dongguan are geographically connected; hence, urban expansion in these cities might be attributed to the driving factors that they have in common.
In terms of growth type, a transition from the outlying growth type to the infilling and edge-expansion growth types occurred during the urban expansion in the 11 cities, and several different urban expansion patterns were observed (Section 3.1). The terrain, transportation, and policies regarding urban planning might have led to some spatial similarities and unique features in the urban expansion within each city. The Pearl River system, expressways, and railways provide convenient traffic conditions and a large number of ports. These advantages promote the development of Guangzhou, Shenzhen, Foshan, Dongguan, and Zhongshan; hence, large urban patches are disseminated along the Pearl River and harbor zone, and they are connected through Guangzhou-Foshan, Guangzhou-Shenzhen, Guangzhou-Shenzhen-Dongguan, and Shenzhen-Zhongshan roads. During the early period of development, all these cities expanded in patterns that maintained a close relationship with their policies and physical factors. As has been indicated in previous studies, there is a close relationship between urban expansion patterns and urban planning and policy [79, 98] , and all 11 cities were no exception in this regard. For example, Huizhou, Zhaoqing, and Jiangmen had a much larger amount of outlying growth in 1987-2017 than the other cities, which were in a close relationship with their land area sizes, local policies, and transportation infrastructure. Their large areas, unfavorable traffic conditions caused by the distribution of mountains, and differences in local policies resulted in their urban expansion not being concentrated, corresponding to their large amount of outlying growth. In addition, local governments established satellite towns and industrial parks based on urban planning policies whose purpose was to control excessive urban expansion and evacuate overloaded industries and populations in the urban core [99, 100] . Therefore, many industrial parks and satellite towns 
Response of Landscape to Urban Expansion
The effect of urban expansion on a landscape varies across temporal and spatial scales [101, 102] , and there is an increase in a landscape's degree of irregularity and fragmentation during the early stages of urbanization according to Collinge [103] . Our previous study also showed that, in the GBA at the regional level, the landscape's degree of irregularity and fragmentation took on a tendency to first rise and then drop as a result of urbanization [56] . In the present study, we analyzed the influence of urban expansion on the landscape at a city level. At the city level, the urbanization of most cities took on an urban-to-rural gradient, and the farther away the phenomenon was from the urban core, the more obvious it was. Shenzhen, Hong Kong, Dongguan, Jiangmen, Huizhou, Zhaoqing, and Zhuhai showed an obvious urban-to-rural gradient in their respective urban areas, and their large urban patches (a patch area >10 km 2 ) expanded from the original urban cores to suburban basins. On the other hand, the few growth points that were relatively small were swallowed by the large urban patches in 1987-2017, corresponding to their multi-nuclear urbanization pattern. Guangzhou and Foshan exhibited a gradient in their respective urban areas, with their large urban patches appearing after 1987, which resulted from the edge-expansion of the original urban cores in response to their mononuclear polygon radiation pattern of urbanization. A gradient in the urban area with large urban patches appeared after 1987 in Zhongshan and after 1997 in Macau, corresponding to a double-nucleated polygon urbanization pattern. Generally, all cities took on a clear gradient in the urban area, and the small and large urban patches developed from the original urban cores as time passed. Moreover, in order to reach a balance between urban intensification and extensification, urban planners established many industrial parks and satellite towns in the suburbs of different cities within the GBA in 1997-2017, corresponding to the urban-to-rural gradient of the urban landscape in Guangzhou, Shenzhen, Foshan, Zhongshan, Dongguan, and Zhuhai.
Furthermore, as has been demonstrated in several studies, the relationship between urban form and landscape is of paramount importance to an urban ecosystem's stability and integrity [79, 104, 105] , and the urban planning rule of adjoining existing roads or waterways promotes the connectivity in a landscape compared with the rule of adjoining buildings or parcels of open land [106] , which may be the reason why the connectivity of Huizhou, Zhaoqing, and Zhuhai was lower than that of the other cities. It is worth noting that since urban ecological connectivity is complex, it should be compared across cities in a future study.
Rationality of Urban Expansion
The results of this study showed that all cities experienced rapid urbanization, and the rationality of most cities' expansions exceeded the rational level. Theoretically, the speed of urban expansion should be appropriate for the growth rate of the urban population. When urban expansion exceeds urban population growth, it will inevitably cause land resources to be wasted. In contrast, when urban population growth far exceeds urban expansion, the urban land use intensity will be too high, as was the case for Hong Kong and Macau (Figure 10a ), which will also lead to the deterioration of the urban environment and a decline in residents' living conditions [57] . Some studies have shown that the urban area growth rate should be slightly higher than the urban population growth rate in China, where the urban population density is relatively high and there is insufficient infrastructure [107, 108] . Therefore, we conclude that, in the GBA, some cities' expansions were reasonable in certain periods, such as Guangzhou (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) , Hong Kong (2007 Kong ( -2017 , Foshan , Huizhou (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) , and Dongguan (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) . The fact that the UPEC value for most cities in this study was found to exceed the rationality level was mainly attributable to the rapid economic development under China's reform and opening-up policy, particularly in the coastal cities (Figure 10b ). Residents' improved purchasing power, living standards, and notions of consumption, plus the increased demand for housing, transportation, a more comfortable way of life, and other infrastructure, have promoted the development of the real estate industry and boosted investment in the construction of infrastructure, corresponding to an increase in the urban land area and higher UPEC values. It is worth noting that the UPEC value of Shenzhen was less than 1.12 in 1987-2017. This result may have been the result of Shenzhen attracting a large number of migrants and a floating population from all over the country [109] ; therefore, the urban area growth rate was not able to keep up with the population growth rate. In addition, the UPEC value of Macau was -17.91 in 1987-1997, which may have been caused by the population decline (from 434.3 thousand in 1987 to 422.1 thousand in 1997). Moreover, along with the process of reform and opening-up, China's economy was rapidly developing, and the GDP grew exponentially in the GBA [110] . However, the observed urban area expanded in multiple cities, which confirmed the low UGEC value. attracting a large number of migrants and a floating population from all over the country [109] ; therefore, the urban area growth rate was not able to keep up with the population growth rate. In addition, the UPEC value of Macau was -17.91 in 1987-1997, which may have been caused by the population decline (from 434.3 thousand in 1987 to 422.1 thousand in 1997). Moreover, along with the process of reform and opening-up, China's economy was rapidly developing, and the GDP grew exponentially in the GBA [110] . However, the observed urban area expanded in multiple cities, which confirmed the low UGEC value. Excessive urbanization not only results in environmental problems, including an elevated land surface temperature, a low amount of vegetation in urban areas, and arable land losses, but generates social problems, such as traffic jams, inadequate infrastructure and housing, and a high unemployment rate [43, 111] . Hence, it is necessary for all cities to determine the influence of urban expansion on the natural environment. Fortunately, for the purpose of restricting urban expansion and protecting the environment in China, the Chinese government defined an ecological red line [112] , and it is required to complete the demarcation before the end of 2020 [113] . Therefore, it is foreseeable that the velocity and intensity of urban expansion in all 11 studied cities will not increase significantly in the future. Local governments and urban planners can plan an ecological red line based on our observed results to protect the natural environment. For example, although the establishment of satellite towns and industrial parks in the suburbs solved the urban intensification problem, some of the satellite towns and industrial parks in Foshan, Zhongshan, and Dongguan occupy a large amount of forestland/cultivated land and have caused land resources to deteriorate and be wasted. Therefore, ecological red lines for the undeveloped suburbs of these cities are necessary. Moreover, some abandoned or sparsely populated industrial parks in Foshan, Zhongshan, and Dongguan need to be demolished in order to restore the eco-environment. It is worth noting that urban planners can reduce the degree of occupation of suburban land in these cities through urban renewal (i.e., urban development in the third dimension).
Limitation and Future Work
Although the spatiotemporal characteristics and rationality of the urban expansion within the GBA were identified in this study, some limitations and future works need to be mentioned. Firstly, the resolution of the used Landsat images was 30 m, which made it difficult to obtain more precise urban area boundaries; thus, further research that uses different remote sensing data (e.g., high-resolution remote sensing images) for urban land classification may strengthen our results. Secondly, the forces that drive urban expansion vary across cities, and the difference of land use Excessive urbanization not only results in environmental problems, including an elevated land surface temperature, a low amount of vegetation in urban areas, and arable land losses, but generates social problems, such as traffic jams, inadequate infrastructure and housing, and a high unemployment rate [43, 111] . Hence, it is necessary for all cities to determine the influence of urban expansion on the natural environment. Fortunately, for the purpose of restricting urban expansion and protecting the environment in China, the Chinese government defined an ecological red line [112] , and it is required to complete the demarcation before the end of 2020 [113] . Therefore, it is foreseeable that the velocity and intensity of urban expansion in all 11 studied cities will not increase significantly in the future. Local governments and urban planners can plan an ecological red line based on our observed results to protect the natural environment. For example, although the establishment of satellite towns and industrial parks in the suburbs solved the urban intensification problem, some of the satellite towns and industrial parks in Foshan, Zhongshan, and Dongguan occupy a large amount of forestland/cultivated land and have caused land resources to deteriorate and be wasted. Therefore, ecological red lines for the undeveloped suburbs of these cities are necessary. Moreover, some abandoned or sparsely populated industrial parks in Foshan, Zhongshan, and Dongguan need to be demolished in order to restore the eco-environment. It is worth noting that urban planners can reduce the degree of occupation of suburban land in these cities through urban renewal (i.e., urban development in the third dimension).
Although the spatiotemporal characteristics and rationality of the urban expansion within the GBA were identified in this study, some limitations and future works need to be mentioned. Firstly, the resolution of the used Landsat images was 30 m, which made it difficult to obtain more precise urban area boundaries; thus, further research that uses different remote sensing data (e.g., high-resolution remote sensing images) for urban land classification may strengthen our results. Secondly, the forces that drive urban expansion vary across cities, and the difference of land use types within cities also affects urban growth types; thus, research on the socioeconomic forces and the transfer of different land use types that drive urban expansion in these cities should be conducted. In addition, UPEC and UGEC are used as proxies to measure the rationality of urban expansion in this study. However, they might not fully depict the rationality of urban expansion, because other factors might also determine whether an urban area develops in a sustainable way. For example, urban expansion in the third dimension is a common phenomenon in the urbanization process, and the rationality of urban expansion in the third dimension cannot be evaluated with the UPEC and UGEC. Therefore, we need to improve the method that we used to evaluate the rationality of urban expansion by combining digital surface model (DSM), synthetic aperture radar (SAR), and interferometric synthetic aperture radar (InSAR) data in the future. Finally, in order to help local governments balance urban development and eco-environment protection, there is an urgent need to study the ecological effects of urban expansion.
Conclusions
The spatiotemporal features and rationalities of urban expansions within the Guangdong-Hong Kong-Macau Greater Bay Area of China in 1987-2017 were analyzed in this study by combining remote sensing, landscape analysis, and GIS techniques. All 11 studied cities experienced unprecedented urban growth, particularly Guangzhou, Shenzhen, Foshan, Dongguan, Zhongshan, and Zhuhai. The urban areas of Guangzhou, Shenzhen, Foshan, Dongguan, Zhongshan, and Zhuhai expanded from 146. (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) , and Dongguan (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) . All 11 cities possess opportunities for, and face challenges in, the development and balancing of regional economic and ecological benefits, and it is hoped that the information obtained in this study will help policyand decision-makers to sustainably develop the Guangdong-Hong Kong-Macau Greater Bay Area.
